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Abstract- Nonextensive entropy measure, Tsallis Entropy (TE),
was undertaken to monitor the brain injury after cardiac
arrest. EEG of human and experimental injury model of rats
are invegtigated. In both conditions TE decreases in bad
physiological functional outcome. As the brain recovers from
injury, the TE will also gradually return to normal level.
Meanwhile, TE also shows good sensitivity to different grades
of asphyxic injury. This method provides a novel real time
brain injury indicator and may be a useful in developing a
diagnostic monitoring tool.
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I. INTRODUCTION

About 60% of those persons who are successully
resuscitated after cardiac arrest subsequently die of extensive
brain injury every year in the United States [1]. Real time
monitoring the brain asphyxia state after resuscitation of
cardiac arest is a criticd clinical problem. However, there
are no current approved real time objective assesaments used
to monitor brain injury. Clinicians are expeding a “brain-
holter” to deted and monitor the ceebral function, which
may require the practicd and effedive quantitative EEG
(QEEG) methods that extract the primary brain feature
information from the EEG time series.

In recaet years, information measures including the
traditional Shannon entropy have been shown to be effedive
in deding with complex signalg2]. Shannon entropy is
based on the Boltzmann-Gibbs (BG) statisicd mechanics
and standard thermodynamics, which is restricted for
additive (extensive) systems. Over the last few years, it has
been realized that Shannon entropy fails to yield testable
results for systems with long-range interactions, long-term
memory eff eds or abrupt changeslike spikes and bursts, [3].
Thus, it is reasonable to lodk for aternative information
measures that may be better adapted to those nonextensive
systems. A nonextensive (nonadditive) entropy now call ed
Tsallisentropy (TE) was postulated by Tsalli [4]. In the past
ten years TE has proved successful in describing systems
with long-range interactions, multifractal spacetime
congtraints or long-term memory effects. In this gudy we
attempt to apply this kind d novel entropy measure in
monitoring the EEG of injured brain.

II. TSALLISENTROPY MEASURE
The dasdcal Shannon Entropy[5] is measured by the

distribution of probabilities p ={p,} :

S =—§:1 p,In(p,) D

alowing for oin 0 = 0, where p is the probability of
finding the system in thei™ microstate with 0 < p, <1 and

M

p, = 1- Misthe total number of microstates. This
1=1
formalism (1) has been shown to be restricted to the domain
of validity of the BG tatistics, which describes a system in
which the dfective microscopic interactions and the
microscopic memory are of short range.

One type of generalized entropy, named Tsallis entropy,
has proved effedive as a measure of nonextensive system.
Tsallisentropy isdefined as:

M

1- p;’
TE=—2 (2)
qg-1
When g -1, p =€) ~1+(q-1)in(p,),

Eqg. (2) recovers to the usual Shannon entropy in (1). The
nonextensivity of Tsallisentropy is:

TE(AD B)=TE(A) + TE(B) + (1-q)TE(ATE(B)  (3)
Consdering 0< p<1 in (2, p'<pfor g>1 and

piq 2 p;for g<1, hence g>1 and o<1 will respedively

correspond to the frequent and rare events. Meanwhil e, the
EEG dgnals in brain injury are complex, punctuated for
example by frequent burst activity during the recovery of
asphyxic injury. The source of EEG is generally accepted as
synaptic potentials from the articd neurons, while the
source of bursting is probably the degp nuclei such as the
thalamic and reticular thalamic neurons. There is very likely
an ongoing interaction between the two generators through
thalamocorticd and cortico-thalamic tracts. Thus, EEG in our
study demonstrates mixing o long-range interactions
suggesting the use of a nonextensive entropy description. In
our work we justify the superextensive hypothesis with the

choiceof (> 1 based on the previous research on EEG.[2]

. MATERIALS

We demonstrated the TE in bath the experimental EEG of
animals and the dinicad human EEG. We obtained
experimental EEG rewrdings from anesthetized rats for
studying the information evolution in brain rhythms
following asphyxic injury. Asphyxic cardiac arest and
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resuscitation protocol approved by the animal Care and Use
Committee of the Johns Hopkins Medical Ingitutions was
performed as modified from Katz and colleagueq6]. The

experimental protocal is as foll ows:
Widtar rats (300+25 g) were randomly assgned to surgica

graded asphyxia of 3, 5 min and hypoxia precnditoning
(n=5 per group). The animal subjed was monitored for 10

minutes basdine and 5 minutes anesthetic (halothane)

washout followed by 3 or 5 minutes global asphyxia and its
subsequent recovery. For the precmonditoning rats, 25 min

hypoixa was conducted at about one hour before the global

aspyxia. Two channels of EEG using sub-dermal needle

eledrodes (Grass|nstruments, Quincy, MA) in right and | ft
parietal areas, one dhannd of ECG and one channd of

arterial presaure were rearded continuously before the

insult, during the insult, and for about 5 hours of recovery.

The signas were digitized using the data acquisition

package CODAS (DATAQ Instruments INC., Akron OH).

Sampling frequencies of 250Hz and 12bit A/D conversion
were used. Before applying the TDE method, the EEG was

filtered (0.5~30Hz) and the ECG artifacts removed[7].

Human EEG was recrded from: patient A: high grade
injury with long cardiac arest (CA) time (20 min) and long
cardiopumonary resuscitation (CPR) time (30min), didn't
survive in the end; patient B: low grade injury with short CA

time (4 min) and short CPR (5min) and survived; patient C:
normal voluntee as areference
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Fig. 1. (A) Global entropy trends for the EEG from several animals subjects
in the 3 min cardiac arrest injury group, (B) Global entropy for several
animalsin the 5 min injury group. The sharp drop correspond to the injury
incident followed by recmvery over the next 5 hr indicating partial
restoration.

IV. RESULTS

We appli ed the TE to the experimenta EEG data from the
3 min and 5 min asphyxia cohorts. Each 5-houwr EEG recrd
was analyzed minute by minute. Within each minute
segment we estimated the TE with (2) with the parameter
0=3.0 and amplitude partitions M=30; for each rat, the
entropy results are normalized by the mean TE of the
basdline EEG. Fig. 1A and Fig. 1B respedivedy correspond
to the 3 min and 5min asphyxia group.

In Fig. 2 we anadyzed the human EEG sdeded between
Ol and O2 channels. The parameters used in TE are the
same asthose Fig. 1.

0.60
~— 0.55
= Patient C
‘I? 0.50 o e —
) S
> 0.45 Patient. B
=< (U S S
g 0.40 Patient.A . :
c *
1] s
w 0.35
e 0.30 "
0.25
0O 10 20 30 40 50 60 70 80 90
Time (min)

Fig. 2. Tsalis entropy (g=3.0) analysis of 01-O2 channel EEG of human.
patient A: high gade injury with long CA time (20 min) and long CPR
time (30min), didn't survive in the end; patient B: low grade injury with
short CA time (4 min) and short CPR (5min) and survived; patient C:
normal volunteer.

V. DISCUSSON

The traditional linea methods of the EEG analysis
(spedra analysiss, AR modeing) are based on the
assumption that the observations of the dedrical field of the
brain are of stationary random processes. For a variety of
physiological reasons, EEG rhythms in disease may require
nonlinear approaches. The nonlinea theory offers novel
ways to characterize the behavior of complex vyet
determinitic systems. Since the mid-198Gs various methods
derived from nonlinea dynamics have been applied to
biosignal processng. The nonlinea dynamics methods
employ a set of metric parameters such as correlation
dimensions, Lyapunov exponents, Kolmogorov and
approximate entropies, and are usualy based on the
distances between pointsin an appropriate enbedding space
Calculations of these parameters require large data sets.
Meanwhil g, the stationarity of the signal to be analyzed is



usually taken for granted. However, this condition is actually
not satisfied in most of the cases while dealing with EEG
signals[8]. Previous research has aso shown that the EEG is
not only high dmensional nonlinea but also
nonstationary[9]. The dedricd activity of the brain is
usualy time-variable, nonstationary and irregular, espedally
in pathological conditions such as epileptic seizures or
hypoxic-asphyxic injury.

Tsallis entropy is based on the generalized BG datisticd
medanics. The parameter q indicaes the nonextensive
degree of a system. The different q values correspond to
different statistical mechanicss The gpropriate ctoice of
the entropic index q is sgnificant but still remains to be
studied. Literature has pointed to the role of g in the entropy
computation for EEG studies [10]. In our study it is
hypothesized that the brain’s eledrical activity isrepresented
by superextensve (g>1) system. Interactions within the
brain are the foundation of its higher function. The
interactions and information transmisgon across the brain
cortex have been reported [11]. In our experiments, athough
the origins of EEG are artical, the origin of the bursts is
thought to be thalamic residing in dee brain area [12].
Interactions occur through thalamocorticd and cortico-
thalamic tracts. Experiments have shown the long-term
thalamo-cortical interactions [13]. Therefore, it is sfe to say
that the data analyzed represent at least two channels A and
B between which there is information transmisgon, which
means there eists mutual information between A and B so

that TE(AQ B) < TE(A) + TE(B) . Comparing with (3)
we get g>1. In our case, we refer to our previous empirical
chaoicefor brain injury description with g=3[14].

V1. CONCLUSIONS

The nonextensive entropy provides a nove satistical
description of the brain rhythms during asphyxic injury and
rewvery. Even though the recvery medchanism of brain
injury is highly complex, the TE seans to expose the nature
of brain EEG in the form of reduction during the bad
physiological function outcome. The reduction level and
remvery rate of TE are dso consistent with brain
physiological states. These trends may prove to be useful in
developing a diagnostic monitoring tod.

ACKNOWLEDGMENT

This work was sipported in part by the grants NS24282
from the National Ingtitutes of Health and 60(0r1018 NSF
of China.

REFERENCES

[1] G. S. Krause, K. Kumar, B. C. White, S. D. Aug, and J.
G. Wiegenstein, "lIschemiaresuscitation, and reperfusion:
medanisms of tisaue injury and prospeds for protedion.,"
Am. Heart J., vol. 111, pp. 768780, 1985.

[2] M. T. Martin, A. R. Plagtino, and A. Plastino, "Tsallis-
like information measures and the analysis of complex
signals," Physica A, val. 275, pp. 262-271, 2000.

[3] C. Tsdlis, "Generalized entropy-based criterion for
consistent testing," Phys. Rev. E, vol. 58, pp. 14421445,
1998

[4] C. Tslis, "Possble Generalization of Boltzmann-Gibbs
Statitics," J. Sat. Phys., vol. 52, pp. 479-487, 1983.

[5] C. E. Shannon, "A mathematical theory of
communication,” Bell Sys. Tech. J., val. 27, pp. 379423,
623656, 1948.

[6] L. Katz, U. Ebmeyer, P. Safar, and A. Radovsky,
"Outcome modd of asphyxial cardiac arest in rats" J.
Cereb. Blood Flow Metab., val. 15, pp. 10321039, 1995.

[7] S. Tong, A. Bezerianos, J. Paul, Y. Zhu, and N. Thakor,
"Removal of ECG interference from the EEG recordings in
small animals using independent component analysis," J.
Neurosci. Meth., 2001.

[8] J. P. Aijn, J. Vanneerven, A. Noest, and F. H. L. Dasilva,
"Chaos or Noisein EEG-dependenceon state and brain site,”
Electroenceph.Clin. Neuro., val. 79, pp. 371-381, 1991.

[9] M. Palus, "Nonlineaity in normal human EEG: Cycles,
temporal asymmetry, nonstationarity and randomness not
chaos," Bial. Cybern., val. 75, pp. 389-396, 19%.

[10] A. Capuro, L. Diambra, D. Lorenzo, O. Macedar, M.
T. Martin, C. Mostaccio, A. Plagino, E. Rofman, M. E.
Torres, and J. Vdluti, "Tsallisentropy and corticd dynamics
the analysis of EEG signals" Physica A, vol. 257, pp. 149
155 199%8.

[11] J. Xu, Z. Liu, R. Liu, and Q. Yang, "Information
transmisson in human cerebral cortex," Physica D:
Nonlinear Phenomena, val. 106, pp. 363-374, 1997.

[12] J. Muthuswamy, P. Tran, R. Rangarajan, F. A. Lenz, D.
F. Hanley, and N. V. Thakor, "Somatosensory stimulus
entrains inde oscill ations in the thalamic VPL nucleus in
barbiturate anesthetized rats," Neurosci. Lett., vol. 262, pp.
191-194, 1999.

[13] F. C. Hoppensteadt and E. M. Izhikevich, "Thalamo-
cortical interactions modeled by weakly conneded
oscillators: could the brain use FM radio principles?”
Biosystems, val. 48, pp. 85-94, 1998.

[14] A. Bezerianos, S. Tong, A. Mahotra, and N. Thakor,
"Information measure of brain dynamics," presented at
|EEE-EURASIP workshop on "Nonlinear Sgnal and Image
Processing", Baltimore, 3-6 June, 2001.



	Main Menu
	-------------------------
	Welcome Letter
	Chairman Address
	Keynote Lecture
	Plenary Talks
	Mini Symposia
	Workshops
	Theme Index
	1.Cardiovascular Systems and Engineering 
	1.1.Cardiac Electrophysiology and Mechanics 
	1.1.1 Cardiac Cellular Electrophysiology
	1.1.2 Cardiac Electrophysiology 
	1.1.3 Electrical Interactions Between Purkinje and Ventricular Cells 
	1.1.4 Arrhythmogenesis and Spiral Waves 

	1.2. Cardiac and Vascular Biomechanics 
	1.2.1 Blood Flow and Material Interactions 
	1.2.2.Cardiac Mechanics 
	1.2.3 Vascular Flow 
	1.2.4 Cardiac Mechanics/Cardiovascular Systems 
	1.2.5 Hemodynamics and Vascular Mechanics 
	1.2.6 Hemodynamic Modeling and Measurement Techniques 
	1.2.7 Modeling of Cerebrovascular Dynamics 
	1.2.8 Cerebrovascular Dynamics 

	1.3 Cardiac Activation 
	1.3.1 Optical Potential Mapping in the Heart 
	1.3.2 Mapping and Arrhythmias  
	1.3.3 Propagation of Electrical Activity in Cardiac Tissue 
	1.3.4 Forward-Inverse Problems in ECG and MCG 
	1.3.5 Electrocardiology 
	1.3.6 Electrophysiology and Ablation 

	1.4 Pulmonary System Analysis and Critical Care Medicine 
	1.4.1 Cardiopulmonary Modeling 
	1.4.2 Pulmonary and Cardiovascular Clinical Systems 
	1.4.3 Mechanical Circulatory Support 
	1.4.4 Cardiopulmonary Bypass/Extracorporeal Circulation 

	1.5 Modeling and Control of Cardiovascular and Pulmonary Systems 
	1.5.1 Heart Rate Variability I: Modeling and Clinical Aspects 
	1.5.2 Heart Rate Variability II: Nonlinear processing 
	1.5.3 Neural Control of the Cardiovascular System II 
	1.5.4 Heart Rate Variability 
	1.5.5 Neural Control of the Cardiovascular System I 


	2. Neural Systems and Engineering 
	2.1 Neural Imaging and Sensing  
	2.1.1 Brain Imaging 
	2.1.2 EEG/MEG processing

	2.2 Neural Computation: Artificial and Biological 
	2.2.1 Neural Computational Modeling Closely Based on Anatomy and Physiology 
	2.2.2 Neural Computation 

	2.3 Neural Interfacing 
	2.3.1 Neural Recording 
	2.3.2 Cultured neurons: activity patterns, adhesion & survival 
	2.3.3 Neuro-technology 

	2.4 Neural Systems: Analysis and Control 
	2.4.1 Neural Mechanisms of Visual Selection 
	2.4.2 Models of Dynamic Neural Systems 
	2.4.3 Sensory Motor Mapping 
	2.4.4 Sensory Motor Control Systems 

	2.5 Neuro-electromagnetism 
	2.5.1 Magnetic Stimulation 
	2.5.2 Neural Signals Source Localization 

	2.6 Clinical Neural Engineering 
	2.6.1 Detection and mechanisms of epileptic activity 
	2.6.2 Diagnostic Tools 

	2.7 Neuro-electrophysiology 
	2.7.1 Neural Source Mapping 
	2.7.2 Neuro-Electrophysiology 
	2.7.3 Brain Mapping 


	3. Neuromuscular Systems and Rehabilitation Engineering 
	3.1 EMG 
	3.1.1 EMG modeling 
	3.1.2 Estimation of Muscle Fiber Conduction velocity 
	3.1.3 Clinical Applications of EMG 
	3.1.4 Analysis and Interpretation of EMG 

	3. 2 Posture and Gait 
	3.2.1 Posture and Gait

	3.3.Central Control of Movement 
	3.3.1 Central Control of movement 

	3.4 Peripheral Neuromuscular Mechanisms 
	3.4.1 Peripheral Neuromuscular Mechanisms II
	3.4.2 Peripheral Neuromuscular Mechanisms I 

	3.5 Functional Electrical Stimulation 
	3.5.1 Functional Electrical Stimulation 

	3.6 Assistive Devices, Implants, and Prosthetics 
	3.6.1 Assistive Devices, Implants and Prosthetics  

	3.7 Sensory Rehabilitation 
	3.7.1 Sensory Systems and Rehabilitation:Hearing & Speech 
	3.7.2 Sensory Systems and Rehabilitation  

	3.8 Orthopedic Biomechanics 
	3.8.1 Orthopedic Biomechanics 


	4. Biomedical Signal and System Analysis 
	4.1 Nonlinear Dynamical Analysis of Biosignals: Fractal and Chaos 
	4.1.1 Nonlinear Dynamical Analysis of Biosignals I 
	4.1.2 Nonlinear Dynamical Analysis of Biosignals II 

	4.2 Intelligent Analysis of Biosignals 
	4.2.1 Neural Networks and Adaptive Systems in Biosignal Analysis 
	4.2.2 Fuzzy and Knowledge-Based Systems in Biosignal Analysis 
	4.2.3 Intelligent Systems in Speech Analysis 
	4.2.4 Knowledge-Based and Neural Network Approaches to Biosignal Analysis 
	4.2.5 Neural Network Approaches to Biosignal Analysis 
	4.2.6 Hybrid Systems in Biosignal Analysis 
	4.2.7 Intelligent Systems in ECG Analysis 
	4.2.8 Intelligent Systems in EEG Analysis 

	4.3 Analysis of Nonstationary Biosignals 
	4.3.1 Analysis of Nonstationary Biosignals:EEG Applications II 
	4.3.2 Analysis of Nonstationary Biosignals:EEG Applications I
	4.3.3 Analysis of Nonstationary Biosignals:ECG-EMG Applications I 
	4.3.4 Analysis of Nonstationary Biosignals:Acoustics Applications I 
	4.3.5 Analysis of Nonstationary Biosignals:ECG-EMG Applications II 
	4.3.6 Analysis of Nonstationary Biosignals:Acoustics Applications II 

	4.4 Statistical Analysis of Biosignals 
	4.4.1 Statistical Parameter Estimation and Information Measures of Biosignals 
	4.4.2 Detection and Classification Algorithms of Biosignals I 
	4.4.3 Special Session: Component Analysis in Biosignals 
	4.4.4 Detection and Classification Algorithms of Biosignals II 

	4.5 Mathematical Modeling of Biosignals and Biosystems 
	4.5.1 Physiological Models 
	4.5.2 Evoked Potential Signal Analysis 
	4.5.3 Auditory System Modelling 
	4.5.4 Cardiovascular Signal Analysis 

	4.6 Other Methods for Biosignal Analysis 
	4.6.1 Other Methods for Biosignal Analysis 


	5. Medical and Cellular Imaging and Systems 
	5.1 Nuclear Medicine and Imaging 
	5.1.1 Image Reconstruction and Processing 
	5.1.2 Magnetic Resonance Imaging 
	5.1.3 Imaging Systems and Applications 

	5.2 Image Compression, Fusion, and Registration 
	5.2.1 Imaging Compression 
	5.2.2 Image Filtering and Enhancement 
	5.2.3 Imaging Registration 

	5.3 Image Guided Surgery 
	5.3.1 Image-Guided Surgery 

	5.4 Image Segmentation/Quantitative Analysis 
	5.4.1 Image Analysis and Processing I 
	5.4.2 Image Segmentation 
	5.4.3 Image Analysis and Processing II 

	5.5 Infrared Imaging 
	5.5.1 Clinical Applications of IR Imaging I 
	5.5.2 Clinical Applications of IR Imaging II 
	5.5.3 IR Imaging Techniques 


	6. Molecular, Cellular and Tissue Engineering 
	6.1 Molecular and Genomic Engineering 
	6.1.1 Genomic Engineering: 1 
	6.1.2 Genomic Engineering II 

	6.2 Cell Engineering and Mechanics 
	6.2.1 Cell Engineering

	6.3 Tissue Engineering 
	6.3.1 Tissue Engineering 

	6.4. Biomaterials 
	6.4.1 Biomaterials 


	7. Biomedical Sensors and Instrumentation 
	7.1 Biomedical Sensors 
	7.1.1 Optical Biomedical Sensors 
	7.1.2 Algorithms for Biomedical Sensors 
	7.1.3 Electro-physiological Sensors 
	7.1.4 General Biomedical Sensors 
	7.1.5 Advances in Biomedical Sensors 

	7.2 Biomedical Actuators 
	7.2.1 Biomedical Actuators 

	7.3 Biomedical Instrumentation 
	7.3.1 Biomedical Instrumentation 
	7.3.2 Non-Invasive Medical Instrumentation I 
	7.3.3 Non-Invasive Medical Instrumentation II 

	7.4 Data Acquisition and Measurement 
	7.4.1 Physiological Data Acquisition 
	7.4.2 Physiological Data Acquisition Using Imaging Technology 
	7.4.3 ECG & Cardiovascular Data Acquisition 
	7.4.4 Bioimpedance 

	7.5 Nano Technology 
	7.5.1 Nanotechnology 

	7.6 Robotics and Mechatronics 
	7.6.1 Robotics and Mechatronics 


	8. Biomedical Information Engineering 
	8.1 Telemedicine and Telehealth System 
	8.1.1 Telemedicine Systems and Telecardiology 
	8.1.2 Mobile Health Systems 
	8.1.3 Medical Data Compression and Authentication 
	8.1.4 Telehealth and Homecare 
	8.1.5 Telehealth and WAP-based Systems 
	8.1.6 Telemedicine and Telehealth 

	8.2 Information Systems 
	8.2.1 Information Systems I
	8.2.2 Information Systems II 

	8.3 Virtual and Augmented Reality 
	8.3.1 Virtual and Augmented Reality I 
	8.3.2 Virtual and Augmented Reality II 

	8.4 Knowledge Based Systems 
	8.4.1 Knowledge Based Systems I 
	8.4.2 Knowledge Based Systems II 


	9. Health Care Technology and Biomedical Education 
	9.1 Emerging Technologies for Health Care Delivery 
	9.1.1 Emerging Technologies for Health Care Delivery 

	9.2 Clinical Engineering 
	9.2.1 Technology in Clinical Engineering 

	9.3 Critical Care and Intelligent Monitoring Systems 
	9.3.1 Critical Care and Intelligent Monitoring Systems 

	9.4 Ethics, Standardization and Safety 
	9.4.1 Ethics, Standardization and Safety 

	9.5 Internet Learning and Distance Learning 
	9.5.1 Technology in Biomedical Engineering Education and Training 
	9.5.2 Computer Tools Developed by Integrating Research and Education 


	10. Symposia and Plenaries 
	10.1 Opening Ceremonies 
	10.1.1 Keynote Lecture 

	10.2 Plenary Lectures 
	10.2.1 Molecular Imaging with Optical, Magnetic Resonance, and 
	10.2.2 Microbioengineering: Microbe Capture and Detection 
	10.2.3 Advanced distributed learning, Broadband Internet, and Medical Education 
	10.2.4 Cardiac and Arterial Contribution to Blood Pressure 
	10.2.5 Hepatic Tissue Engineering 
	10.2.6 High Throughput Challenges in Molecular Cell Biology: The CELL MAP

	10.3 Minisymposia 
	10.3.1 Modeling as a Tool in Neuromuscular and Rehabilitation 
	10.3.2 Nanotechnology in Biomedicine 
	10.3.3 Functional Imaging 
	10.3.4 Neural Network Dynamics 
	10.3.5 Bioinformatics 
	10.3.6 Promises and Pitfalls of Biosignal Analysis: Seizure Prediction and Management 



	Author Index
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	Ö
	P
	Q
	R
	S
	T
	U
	Ü
	V
	W
	X
	Y
	Z

	Keyword Index
	-
	¦ 
	1
	2
	3
	4
	9
	A
	B
	C
	D
	E
	F
	G
	H
	I
	i
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Committees
	Sponsors
	CD-Rom Help
	-------------------------
	Return
	Previous Page
	Next Page
	Previous View
	Next View
	Print
	-------------------------
	Query
	Query Results
	-------------------------
	Exit CD-Rom


